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Abstract
Data collected from sequential randomized trials can be used to learn personalized treat-
ment strategies. While such data provides great opportunities to impact clinical decision
making, many practical challenges emerge when using data collected from clinical trials.
One of the most important challenges is missing information. In this paper we describe
imputation methods used to overcome missing data in a sequentially randomized practical
clinical. We describe the imputation algorithm in detail, discussing the measures taken to
ensure that the assumptions needed to obtain valid imputations are met. We illustrate an
application of this algorithm to impute missing data in a clinical antipsychotic trial.

There is a growing interest within the medical community forpersonalizing treatment, i.e. develop-
ing treatment strategies that use time-varying patient information to select the best treatment options.
These treatment strategies are especially important for chronic illnesses, such as schizophrenia, dia-
betes, epilepsy, depression, HIV/AIDS, among others, as treatment of these diseases requires multi-
phase decision making. At each treatment phase, a patient’sresponse to past treatment, treatment
adherence, new side-effects, symptom severity, and a multitude of other factors are considered be-
fore current treatment is continued, or altered. Sequentially randomized trials are the most effective
way for gathering data to learn the best personalized treatment strategy. In a sequentially random-
ized trial, patients are randomized to multiple treatmentsover the course of the trial and at each
treatment phase randomization probabilities can depend onpatient history [1]. Several sequential
randomized trials have been completed or are currently underway [2, 3, 4, 5]. The increased use
of sequentially randomized studies in the medical community provides substantial opportunities for
learning personalized treatment strategies to optimize expected patient outcomes.

A range of analytic techniques have been developed to learn the best personalized treatment strategy
from training data [6, 7, 8, 9]. Yet, many practical challenges arise when applying this methods
to data collected from clinical trials [10]. In this paper, we focus on overcoming one important
challenge: missing data. Clinical data is often noisy and expensive to collect, making it essential
to make the most out of the data that is collected. Drop out andmissed exams can lead to missing
information. We use, as a case study, data collected from a sequentially randomized clinical trial
of 1460 patients with schizophrenia. This rich data set provides an excellent resource for learning
personlized treatment strategies for patients with schizophrenia. Schizophrenia places a high burden
on patients afflicted with the disease and most patients are in treatment their entire life. Thus,
the outcome of interest in an analysis of the long term effects of treatments is a function of data
collected over the entire course of the clinical trial. Thismeans that missing information at just
one exam can cause missing outcome information for the final analysis. Multiple imputation is a
common strategy for overcoming missing data in small data sets as well as in large randomized trials
and sample survey data sets [11, 12, 13]. Multiple imputation results in complete data sets allowing
us to accurately compute functions of variables over the entire course of the trial. In this paper we
give a detailed description of the multiple imputation methods used in order to overcome missing
data so that methods for learning personalized treatment strategies for schizophrenia can be applied
to our data set.
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1 The CATIE study: a sequentially randomized trial

The Clinical Antipsychotic Trials of Intervention and Effectiveness (CATIE) study was an 18 month
sequentially randomized trial of 1460 patients with schizophrenia. As CATIE is described in detail
elsewhere [5, 14], we give a simplified overview of the study here. CATIE was initiated by the
National Institute of Mental Health as a practical clinicaltrial [15], meaning that it was run in order
to learn about the effectiveness of antipsychotic drugs used to treat the symptoms of schizophrenia
in a way that would be most beneficial to practitioners. This meant a broad entry criterion and
a protocol that tried to mimic real life treatment by allowing patients to choosewhen to switch
treatments.

CATIE had two major treatment phases. At entry into the study, participants were randomized to
one of five phase 1 treatments: olanzapine, risperidone, quetiapine, ziprasidone, and perphenazine.
Patients were then followed up for 18 months, and at each monthly visit, patients were allowed
to decide to continue with their current treatment, or if they felt their current treatment was not
adequate, to switch to a new treatment. One result of this protocol is that the time duration of the
two treatment phases in CATIE is patient dependent. If failure of the phase 1 treatment occurred, i.e.
a patient chose to discontinue their phase 1 treatment, patients were given the choice to enter one
of two randomization arms in phase 2. In the first arm patientswere re-randomized to clozapine,
olanzapine, risperidone or quetiapine; in the second arm, patients were re-randomized to olanzapine,
risperidone, quetiapine, or ziprasidone.

During the 18 months of the CATIE study, patients were scheduled to have regular follow-up vis-
its with their clinician. Each month treatment adherence was measured; at quarterly visits more
detailed patient measurements were taken, with even more variables collected semi-annually. Pa-
tient information collected ranges from demographic information collected at baseline, symptom
measurement, side effect burden and alcohol and drug use. The Positive and Negative Syndrome
Scale (PANSS) total score was the primary symptom measurement in the CATIE study and is the
standard scale used for symptom measurement in patients with schizophrenia [16]. The quality of
life (QOL) scale collected during CATIE is an alternate symptom scale developed to measure the
negative symptoms impacting functionality not adequatelymeasured by other symptom scales [17].

We distinguish between two types of time-varying variablescollected during the CATIE study:
scheduled andend-of-phase variables. Scheduled variables are those that the CATIE protocol re-
quired the collection of for everyone at pre-specified months. For example PANSS was scheduled
to be collected on all CATIE participants at baseline and months 1, 3, 6, 9, 12, 15, and 18. An
end-of-phase variable is specific to CATIE as a sequentiallyrandomized trial. When a patient enters
a new treatment phase, the CATIE protocol required the collection of the reason for discontinuing
treatment, as well asall time-varying variables, even if the regular schedule of events did not require
their collection that month. In sequentially randomized trials, it is common practice to collect a rich
set of patient information when a participant enters a new treatment phase as these measurements
mimic the most up-to-date information a doctor would have access to in a real life treatment setting.
A list of variables collected during CATIE , both scheduled and end-of-phase variables, is in Table 1.

2 Missing information in CATIE

Dropout in studies of antipsychotics in patients with schizophrenia is often high, between 30 and
60% [18]; CATIE is no exception. Only 705 of the 1460 patientscompleted the CATIE study leading
to a large amount of missing data due to drop-out. The median follow up time for all patients was
17.25 months, with an inter-quartile range of [4.7, 18]. While this dropout is the primary source of
missing data, there are a number of instances ofitem missingness as well. Item missingness occurs
when patients miss a monthly visit or do not provide all information requested.

As previously mentioned the outcome of interest in this application is a function of the entire 18
months of the trial. This means that we need information on all individuals collected over the full 18
months of the trial in order to make the appropriate inference from CATIE. Only 321 patients have
PANSS measured and 356 have their QOL score measured at everyvisit and at every visit, with 312
having both PANSS and QOL measured at all visits. If we were torestrict our analysis to only those
individuals who have PANSS and QOL scores at all visits we would dramatically reduce our sample
size from 1460 by 78.6%.
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The amount of missing data over the course of the trial and theproportion of missing data due to
drop out is similar for all time-varying variables listed inTable 1. Thus, we focus on two specific
variables, the PANSS and QOL scores as examples. Figure 1 shows that the proportion of missing
data in the scheduled variables due to participant dropout is high. As mentioned, many participants
drop-out of CATIE before study completion, with 509 dropping out while still on phase 1 treatment.
If we were to have complete information on all individuals for the whole duration of the CATIE
trial, we would know if these individuals would have remained on their phase 1 treatment for the
full 18 month or if they would have chosen to switch into the second treatment phase. In addition for
these individuals, we are missing the variables that would have been collected at their end-of-phase
1 visit, including their next randomized treatment. As is the case for scheduled variables, in addition
to this missing data due to drop-out, there is also item missingness in end-of-phase variables. Of the
543 patients who entered phase 2 during CATIE, 42 are missinga PANSS score and 78 are missing
a QOL score from their end-of-phase visit. Missing data in end-of-phase visits is important as this
is the information often used to personalize treatment strategies for patients with schizophrenia.

Table 1:A list of the variables collected during CATIE, and the timesat which each variable was scheduled to
be collected. The type of the variable follows in parenthesis.

Variables with no missing information.
Time independent variables:

Age (continuous), Sex (binary), Race (categorical), Tardive dyskinesia status at baseline (binary), Marital
status (binary), Patient education (categorical), Hospitalization history in 3 months prior to CATIE (bi-
nary), Clinical setting at which patient received CATIE treatment (categorical), Treatment prior to CATIE
enrolment (categorical), Phase 1 treatment assignment (categorical), Time in study on phase 1 treatment
assignment (continuous).

Variables with missing information.
Time independent variables:

Employment status (categorical), Years since first prescribed anti-psychotic medication at baseline (continu-
ous), Neurocognitive composite score at baseline (continuous), Phase 2 treatment assignment (categorical),
Phase 2 randomization arm (binary), Reason for discontinuing phase 1 and 2 (categorical), Reason for
discontinuing the CATIE study early (categorical), Total time spent in the CATIE study (continuous).

Variables collected at months 1-18 and at end-of-phase:
Treatment adherence, the proportion of capsules taken since last visit (continuous)

Variables collected at months 0, 1, 3, 6, 9, 12, 15, 18 and at end-of-phase:
Body mass index (continuous), Clinical drug use scale (ordinal), Clinical alcohol use scale (ordinal), Clini-
cal Global Impressions Severity of illness score (ordinal), Positive and Negative Syndrome Scale total score
(continuous), Calgary Depression total Score (continuous), Simpson-Angus EP mean scale (continuous),
Barnes Akathisia scale (continuous), Total movement severity score (continuous)

Variables collected at months 0, 6, 12, 18 and at end-of-phase:
Quality of Life total score (continuous), SF-12 Mental health summary (continuous), SF-12 Physical health
summary (continuous), Illicit drug use (binary)
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Figure 1:Barplot of missing data in the scheduled PANSS and QOL scorescollected during the CATIE study.
The total height of the bar shows the absolute number of people who have missing scores at the specified month.
The dark grey area represents individuals who have missing scores due to earlier drop out and the unshaded
area is the amount of item missingness. The missing data pattern for other scheduled variables collected during
the CATIE study is similar to the pattern shown here.
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3 Overcoming missing data

Missing information is common in medical trials; what can vary greatly is the number of missing
observations and the mechanism that led to the missing data.There are three general types of
mechanisms that can lead to missing data: missing completely at random (MCAR), missing at
random (MAR), and not missing at random (NMAR) [19, 12]. MCARmechanisms only allow
individual observations to have a probability of being observed (or conversely of not being observed)
that is independent of the data. This would happen in a trial if only a certain percentage of the
participants had detailed follow-up measurements taken and the selection of these participants was
determined by a random coin flip. Real life examples of MCAR are rare; thus, assuming this type
of mechanism in an analysis can lead to biased estimates.

A less restrictive assumption is that the data is MAR. Under the MAR mechanism, the probability
of a value being observed can vary across individuals and canbe associated with the observed data,
but it cannot depend on unmeasured information. As an example, consider a clinical trial comparing
drug A to drug B. Imagine the side effects of drug B led to a muchhigher rate of drop out in the
group assigned to this drug. If the side effect that was causing people to drop out was measured,
this would be an example of missing data that was generated under MAR. If this side-effect was
not measured, this would be an example of missing data generated under NMAR. It is difficult to
overcome missing data when it is generated under NMAR and strong assumptions are needed [12].
In the CATIE study, a large amount of patient information wascollected, including symptoms, side
effects and adherence. It is a reasonable assumption that, given this rich source of data, the missing
information in CATIE is MAR.

There are many approaches for overcoming missing data; we briefly review some of these before
discussing multiple imputation methodology and the specific methods we use in our application.
Complete case (CC) estimators, i.e. estimators that simplyremove all individuals who have missing
observations, are theoretically unbiasedonly under the assumption that data are MCAR and lose
efficiency due to the loss in sample size [12, 20]. An alternative to the standard CC estimators
are inverse probability weighted CC (IPWCC) estimators [21, 22, 23, 24]; these estimators, along
with all remaining methods described in this paper, are unbiased when the data are MAR. Many
standard IPWCC estimators suffer from reduced efficiency due to highly variable weights and can
also suffer from bias if the weights are not properly specified [25]. Doubly robust IPWCC estimators
have been developed to improve efficiency and correct for this potential bias [26, 25, 27, 28, 24].
While these methods can produce efficient unbiased estimates, they can be difficult to construct in
practice. Likelihood methods allow users to explicitly integrate out over missing data [29, 12] using
such algorithms as EM. These methods require the user to assume a specific likelihood for both
the data and the missing data-generating process, which canbecome very cumbersome [30, 24] and
algorithmic challenges can lead to high computation times.

An alternative approach for overcoming missing data is multiple imputation, which repeatedly re-
place missing information with likely values, creating multiple complete data [11, 12, 13, 31, 32].
After the imputation process is finished, the analyst has complete data sets to use any method for
learning personalized treatment strategies. The crucial assumption underlying imputation methods
is that we can estimate models that are able to predict missing values using only the observed data.
This assumption is untestable from the observed data; yet, we can use prior knowledge and a rich
set of predictors in order to increase the validity of this assumption in practice. While multiple
imputation methodology is very general, often structural assumptions are made to preserve compu-
tational tractability and stabilitiy of the estimates in cases where the observed data is limited. We use
Bayesian regression techniques to estimate the imputationmodels in our application. We specify a
parametric model for the complete data, assume prior distributions over the model parameters, learn
the posterior distributions from the observed data, and impute the missing values by sampling from
the posterior predictive conditional distribution of the missing data given the observed [33].

In the analysis of the CATIE study, we use two Bayesian modelling techniques for the imputation
models. The first method, fully conditional specification (FCS) [34, 35] scales reasonably well in
the number of variables and allows the flexibility to use different models for each type of variable,
including binary, categorical and continuous variables. Both of these qualities are important for the
CATIE imputation procedure as there are many variables, of various types, collected over the course
of the study (see Table 1). However, FCS does not allow the user to easily impose smoothness over
time in the mean of the variables. In particular, we expect the mean of PANSS to be smooth across
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time. We use a Bayesian mixed effects model to impute individual PANSS scores, allowing us to
impose smoothness constraints on the mean PANSS score for anindividual over time [36].

Overview of the FCS method: Denote the set of variables to be imputed using the FCS method
by v0, v1, v2, ..., vJ , ordered by time, withv1 collected first andvJ last. We usevo to denote the
variables that contain no missing information for all patients, regardless of the collection time. In
FCS the model for the complete data for is formed via conditional models for each variablevj given
v0, v1, . . . , vj−1. The parameters in the conditional models are not shared across models and their
priors are independent.

Let vjmiss
denote the missing observations in variablevj andvjobs the observed values in variable

vj . The estimation of each conditional model is interweaved with the imputations as follows. First
we estimate a model for the variablev1 using the patients with observedv1, the set of fully observed
variablesv0, and the prior. Then, we sample from the posteriorv1miss

|v0, v1obs and fill in missing
values ofv1. Using these imputed values, we estimate the conditional model for the variablev2
givenv1 andv0 using the patients with observedv2. We sample fromv2miss

|v0, v1, v2obs to impute
the missing values ofv2 and so on. Each of these conditional models is estimated using regression
techniques chosen to suit the type ofvj (binary, continuous, etc.) and the types of the predictors.

Overview of the Bayesian Mixed Effects Method: In the following we use a subscripti to denote
patienti and the subscriptm to denote month. In this method we model the PANSS score at each
monthm given predictors collected both prior to, and at monthm, via a mixed effects model [37].
The mixed model includes a random intercept term,gi ∼ N (0, σg), for each patient, a random error
term,ǫm,i ∼ N (0, σǫ) for each (month, patient) pair, and a piecewise linear regression spline on the
month of observation [38], with knots,ξ, at month 1 and continuing at monthly intervals until month
17. The random intercept term,gi models the correlation between the PANSS scores at different
months within an individual. Since the PANSS scores vary independently across individuals, the
random intercept terms,gi i = 1:1460 are independent, and the error terms,ǫm,i, independent across
i = 1:1460 andm = 1:18. A PANSS score measured for personi at monthm is modeled by

(γ0 + gi) + γ
˜
Tṽm,i +

17∑

ξ=1

ηξ(m− ξ)+ + ǫm,i, (1)

wherevm,i denotes the predictors used for PANSS at monthm, and theηξ ’s are the coefficients for
the spline constrained so that Eq. (1) is continuous inm. We fit this model using the patients who
have observed PANSS at monthm and assume the model holds for the missing PANSS at monthm.

Software for estimating imputation models: Multiple imputation is a very popular method for over-
coming missing data and tools for performing standard imputation techniques are available in many
software programs [39]. We implemented the imputation process for CATIE inR, using a modified
version of themice package1 [40] in order to estimate the FCS imputation models and thepan
package [41] to impute from the Bayesian mixed effect model.

4 Building the CATIE imputation models

Thus far we have outlined the technical methods we use to perform the imputations; here we outline
some of the steps taken in order to ensure that the models for the missing data can be learned from
the observed data. We use as predictors all baseline variables, treatment and phase status, and all
previously measured scheduled variables. Recall that scheduled variables are measured on everyone
at pre-specified months, while the collection month for end-of-phase variables varies. We would
like to preserve the time-ordered structure of the data in the imputation process and careful thought
needs to be given in how to interweve the imputaton models forthe scheduled variables and the
end-of-phase variables. Scheduled variables are standardin longitudinal randomized trials, and
much as been written on imputation methods for such time-varying variables [42, 43, 44, 45]. We
employ these standard methods for imputing scheduled variables and focus here on building valid
imputation models for the end-of-phase variables, as this challenge is unique to the sequentially
randomized trial setting. The algorithm for imputing all variables, scheduled and end-of-phase is
given in Algorithm 1.

1We modified themice package to correctly allow for complex imputation models requiring interaction
terms and to incorporate definitional bounds in the imputations process.
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End-of-phase variables are collected when a patient changes treatment phases in a sequentially ran-
domized trial. In the CATIE protocol treatment discontinuation was allowed for any reason, in-
cluding lack of adherence [5]. When treatment (or study) discontinuation occurred the reason for
this discontinuation was recorded as one of the following categories: clinical determination of in-
adequate therapeutic effect (lack of efficacy), unacceptable side effects (lack of tolerability), patient
inability or refusal to take the assigned antipsychotic (adherence/compliance), or administrative rea-
sons [5]. Figure 2 shows the reasons given for discontinuingphase 1 treatment and the study early.
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Figure 2:Reason given for discontinuing phase 1 treatment and for discontinuing the CATIE study early.

We make two assumptions when imputing the end-of-phase variables. The first assumption is: had
a participant who dropped out of CATIE on their phase 1 treatment remained in the study, they
would have chosen to enter phase 2 for the same reason they left the study. Using this assumption
we consider dropping out of the study switching into the nexttreatment phase in an imputed data
set. For example, if a participant dropped out of the CATIE study in month 6, while still on their
phase 1 treatment, in the imputated data we treat this as the participant choosing to enter phase 2.
We use their recorded reason for dropping out of the study as their reason for switching treatment
phases and use all variables collected at study drop out as the corresponding end-of-phase variables.
In order to ensure that we build valid imputation models for missing end-of-phase variables, we
nest all time-varying predictors within reason for discontinuing treatment. This modelling choice
allows the distribution of end-of-phase variables to depend on reason for discontinuing treatment
in a non-linear and complex manner while preserving computational tractability. As end-of-phase
variables can be collected at any month, it would be natural to build imputation models for end-of-
phase variables for each month separately. Unfortunately,a small number of individuals choose to
switch treatment each month. The second assumption we make is that we can build end-of-phase
imputation models for set of months at a time, pooling over these months. We make this assumption
to increase stability in the estimates for the imputation models. The full algorithm used to obtain a
completed CATIE data set is given in Algorithm 1.

5 Assessing the CATIE imputations

Multiple imputation methodology rests on the untestable assumption that missing data values can
be generated from imputation models estimated from the observed data. While this assumption can
never truly be validated, diagnostics are often performed to compare the imputed values with the
observed values [46, 47]. If the distributions are very different, this could be a sign that the missing
at random assumption has been violated or that the imputation models are not a good fit to the data.
In Figure 3 we present QQ-plots of month 6, month 18 and end-of-phase 1 observed PANSS and
QOL scores versus the imputed values.

In Figure 3, we can see that the imputed PANSS scores have a very similar distribution to the ob-
served PANSS scores, while the imputed QOL score have more values at the end points of the
distribution than the observed scores. If QOL scores were a primary variable of interest in an anal-
ysis, then additional exploratory analysis should be performed to determine the reason for this dis-
crepency. There is a possibility that the correct predictors were not included or that the assumed
models do not adequately fit the distribution of the QOL scores.
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Algorithm 1 Algorithm for imputing missing data in CATIE.

Require: Incomplete CATIE data set with all variables listed in Table1.
Estimate model and use FCS to impute baseline variables withmissing data using as predictors all variables
in table 1 with no missing information.
for each set of months{1}, {2,3},{4,5,6},{7,8,9}, {10,11,12},{13,14,15},{16,17} do

Estimate model using FCS and impute from conditional imputation models for each end-of-phase vari-
able. We estimate one imputation model pooled over the current set of months to increase the stability of
the estimates.

1. Estimate model and impute reason for discontinuing treatment.
2. Estimate model and impute end-of-phase variables (except PANSS) for those participants who

switched treatments during one of these months. The model for end-of-phase variables includes
as predictors the most recently collected scheduled variables and month nested within reason
for discontinuation and all baseline variables averaged over all reasons for discontinuation.

3. Impute current treatment for all individuals who switched treatment using the treatment ran-
domization probabilities specified in the CATIE protocol.

Estimate model using FCS and impute scheduled variables (except PANSS) for current month set. Use all
baseline variables, previously measured scheduled variables, current phase, and treatment as predictors.
Estimate model using a Bayesian mixed effects model and impute both scheduled and end-of-phase
PANSS scores for the current set of months. The model includes all time-varying predictors measured
at the same month as PANSS was measured nested within reason for discontinuation (with a separate
category for people who did not switch treatment) and all baseline variables and time variables averaged
over all reasons for discontinuation.

end for
Estimate model using FCS and impute scheduled variables (except PANSS) for month 18. Use all baseline
and previously measured scheduled variables and current phase and treatment as predictors.
Using a Bayesian mixed effects model impute 18-month PANSS score using observed and imputed PANSS
from months 1-17 and observed PANSS scores at month 18. Use aspredictors all baseline variables and
time-varying predictors measured at the month of PANSS observation, and current phase and treatment.
return A complete CATIE data set with all missing values replaced with draws from imputation models.
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Figure 3:QQ-plots of imputed versus observed PANSS and QOL scores measured at months 6, 18 and end-
of-phase 1. The missing data distribution contains the imputed values from twenty-five imputations (and none
of the observed values).

6 Discussion

Treatment of schizophrenia is notoriously difficult and requires personalized adaption of treatment
due to lack of efficacy of treatment, poor adherence or intolerable side effects. For these reasons,
being able to learn principled treatment strategies from data that can adapt to an individual patient’s
history, including response to previous treatment and the development of treatment side effects,
would be of great clinical importance. Sequentially randomized trials implemented in a practical
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clinical trial setting, such as CATIE, provide excellent opportunities to apply methods for learning
personlized treatment strategies to a diverse population in a randomized setting. While the possibil-
ities for informing treatment are great, so are the challenges. In this paper we deal specifically with
overcoming missing data, a difficulty associated with almost all clinical trials. We outline imputation
techniques that can be used to fill in missing values, resulting in complete data sets. Much research
has been done on how to combine estimates from imputed data sets [12, 19, 48, 49] for standard
estimators. While these methods for performing inference have been studied for standard statistical
analyses, a sudy of these techniques in the personalized treatment strategy setting is needed.

Multiple imputation rests on the assumption that the data isMAR. While this assumption is
untestable, we performed diagnostics that can be used to raise red flags when the imputation models
are not valid. In the analysis for which these imputation were performed, PANSS was the primary
variable of interest. Imputing QOL scores is important in that we would like to include previous
QOL scores as predictors in PANSS imputation models. Yet, itis not essential for this particular
analysis that the QOL scores be perfect. If QOL score was a variable of interest in the analysis, then
additional work improving the imputation models would be required.

In addition to the diagnostics performed here, sensitivityanalysis [50] should be performed to eval-
uate the impact of any violations to the MAR assumption on a particular analysis. We have done our
best to ensure the validity of the MAR assumption by using a rich set of predictors in our imputation
models and by using prior knowledge to pick intelligent models.
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